Abstract: Ecological efficiency (eco-efficiency) reflects the synergetic degree of the development of resource, economic, and environmental systems. This paper measures urban eco-efficiency based on a nonconvex metafrontier data envelopment analysis (DEA) approach using data from 191 cities in China during the years of 2003 to 2013. In particular, the impacts of dynamic agglomeration externalities on urban eco-efficiency are investigated. Our empirical results show that eco-efficiency decreased from 2003 to 2013, and its spatial distribution demonstrates significant regional heterogeneity. Additionally, there exists an inverted U-shape relationship between dynamic externalities, including Marshall-Arrow-Romer (MAR), Jacobs and Porter externalities, and eco-efficiency. We also find that eco-efficiency can be enhanced by strengthening environmental regulations, optimizing industrial structures, and improving technological capacity. These findings are robust to alternative eco-efficiency measures, model specifications, and estimation approaches. Furthermore, we discuss related policy implications of our research results.
Introduction
In this paper, we investigate how dynamic agglomeration externalities of Chinese prefecture-level cities relate to ecological efficiency (henceforth eco-efficiency). More specifically, we examine the nonlinear effects that Marshall-Arrow-Romer (MAR), Jacobs, and Porter externalities exert on eco-efficiency. Generally, the formation of industrial clusters can improve resources utilization efficiency, positively impacting eco-efficiency. Yet, industrial over-agglomeration may have negative influences on eco-efficiency because of the potential severe environmental pollution. Thus, the relationship between dynamic agglomeration externalities and eco-efficiency may show significant inverted U-shape form. To test this hypothesis, we empirically study the nonlinear effects of dynamic agglomeration externalities on China's eco-efficiency using data from 191 cities during the years of 2003 to 2013.
Extensive studies have been devoted to defining eco-efficiency. In order to provide a comprehensive evaluation of both the environmental and the economic performance of firms, the World Business Council for Sustainable Development (WBCSD) [1] proposed the concept of eco-efficiency, one of the main tools to promote a transformation from unsustainable development to one of sustainable development. It is based on the concept of creating more goods and services while using fewer resources and creating less waste and pollution: "It is measured as the ratio between the (added) value of what has been produced (e.g., GDP) and the (added) environment impacts of the product or The last few years have witnessed a growing literature on the relationship between agglomeration and efficiency or productivity. For example, the eco-efficiency increased by 30 to 40% due to industrial clusters [35] . The relationship between manufacturing agglomeration and environmental technological efficiency forms an inverted U-shaped curve [36] . However, the Marshall-Jacobs's self-cleaning effect leads to a U-shaped relationship between industrial agglomeration and environmental efficiency [37] . Recently, the authors of a previous paper [38] showed that the impact of industrial agglomeration on energy efficiency has a threshold effect in the eastern region of China. Similarly, only when agglomeration reaches a certain level will industrial agglomeration positively impact on industrial energy efficiency improvement [33] .
The rest of the paper is organized as follows: the methods, variables and data are explained in the next section, followed by the empirical results in Section 3. In Section 4, conclusions and further research are presented.
Methods, Variables and Data

Empirical Models
To investigate the nonlinear effects of dynamic agglomeration externalities on urban eco-efficiency, we introduce the quadratic term of dynamic agglomeration externalities into the empirical model, which is specified as ee it = c + β 0 ext it + β 1 ext
where ee it is the eco-efficiency of city i in period t, ext it indicates the agglomeration dynamic externalities of city i in period t, ext 2 it is the quadratic term of ext it , X denotes control variables, µ i and τ t represent the individual fixed and time fixed effects, and u it captures the stochastic perturbation. β 0 , β 1 , and ξ are the coefficients needed to be estimated.
We also study the dynamic effects of eco-efficiency by introducing its lagged term into Equation (1), which is estimated as ee it = c + αee it−1 + β 0 ext it + β 1 ext 2 it + Xξ + µ i + τ t + u it (2) where ee it−1 denotes the lagged term of eco-efficiency of city i in period t and α represents the impact of ee it−1 on ee it . Finally, we examine the spatial effects of three types externalities on eco-efficiency. In this study, we construct two types of spatial weights matrices, i.e., inverse distance (ID) matrix and economic-distance-based (ED) matrix. The ED matrix is used as a robustness test and the ID matrix specifies the inverse geographical distance between each two spatial units:
where d ij represents the geographic distance between cities i and j (unit: km). Spatial model specifications are specified as follows [39] . SAR model:
SEM model:
SDM model: 
where W is the spatial weight matrix, ρ is the spatial autoregressive coefficient, whose absolute value is smaller than 1.
Variables Specification
Dependent Variable
The dependent variable in our empirical models is urban eco-efficiency (ee it ), measured by the proposed DEA model, which is illustrated in detail as follows. Assuming that the number of DMUs is N, according to their heterogeneity, they can be divided into G (G > 1) groups, each group containing N g DMUs. Then we have ∑ G g=1 N g = N. There are three types of factors for each DMU: input variables, desirable outputs, and undesired outputs, expressed as the following.
+ , respectively. M, R, and J represent the number of the three types of variables. Considering the super-efficiency and the metafrontier, the convex production possible set P c−meta and the nonconvex production possible set P nc−meta of the first decision unit in the first group are, respectively, defined as
where ϕ and γ are the weighting vectors and σ g (g = 1, 2, · · · , G) denotes the subsets' constraint of the input-output combinations for the g-th group. Equations (8) and (9) define the production possible sets of convex and nonconvex metafrontier, respectively, with the following relationship, P c−meta ⊆ P nc−meta . Therefore, the efficiency values under the nonconvex metafrontier are not greater than are those under the convex metafrontier. Under the nonconvex metafrontier and super-efficiencies under the assumption of variable returns, the non-oriented and non-radial SBM efficiency values of the o-th DMU with reference to the g-th group (o = 1, 2, · · · , N g ; g = 1, 2, · · · , G) can be obtained by solving the following optimization problem.
where is non-Archimedes infinity, and the constraint 1 − To measure the eco-efficiency more comprehensively and accurately, various input and output variables should be considered as much as possible, which are described as follows. In terms of input variables, we adopt the perpetual inventory method provided previously [40] to estimate capital stock as K i,t = I i,t + (1 − δ i,t )K i,t−1 , where K i,t , I i,t , and δ i,t denote the capital stock, the annual physical capital investment and the depreciation rate of fixed assets of city i at period t. Labor force is proxied by the total employees in each city. Following the method of a past paper [15] , we adopt the area of various administrative division to represent land usage. Finally, primary energy consumption is estimated by the energy intensity statistics multiplied by prefecture gross domestic product (GDP) at the corresponding constant or current prices, for the specific calculation procedure see a previous work [16] . In terms of desirable output, throughout this paper, the real gross domestic product (GDP) is chosen with data values at constant 2010 prices wherever applicable. As for undesirable output, we mainly focus on environmental pollutants, especially the industrial pollutants due to the issue of data availability. We select four types of emissions, i.e., CO 2 emissions, SO 2 emissions, wastewater emissions, and soot and dust emissions. The estimation method of CO 2 emissions is derived from a past work [16] . To avoid the influence of the outliers, we construct an aggregation indicator of environmental pollution index (EPI) using entropy method, higher EPI indicates heavier pollution.
Interested Variables
The interested variables are agglomeration dynamic externalities (ext it ). The authors of a previous paper [28] argued that agglomeration and development of regional industries may bring about three different types of dynamic externality: Marshall-Arrow-Romer (MAR) externalities [41] [42] [43] , Jacobs externalities [44] , and Porter externalities [45] . Until now, studies of agglomeration of economic activities have in fact made use of employment and production data as proxies of agglomeration economies. To accurately characterize the relationship between agglomeration dynamic externalities and urban eco-efficiency, MAR externalities, Jacobs externalities, and Porter externalities are calculated based on the employees of 19 industries (the list can be found in Table A1 ), the number of industrial enterprises, and the total output value of industrial enterprises. The formulas are as follows
where h ijt denotes the ratio of the number of employees for city i of industry j at period t (10,000 persons) to the total number of urban residents at period t (10,000 persons), h jt is the number of employees of industry j at period t (10,000 persons) compared with the total number of people in the whole sample at period t (10,000 persons); f ijt and v ijt represent the number of industrial enterprises and total output value of industrial enterprises (million CNY), respectively.
Control Variables
Control variables of eco-efficiency were determined based on the IPAT formula [46] , which specifies that environmental quality (I) is impacted by population (P), affluence (A), and technology (T). However, this formula does not permit hypothesis testing. Thus, we select seven primary determinants based on the stochastic model (STIRPAT) proposed previously [47] .
(1) Environmental regulation (er). The implementation of local environmental regulation has a significant impact on eco-efficiency [48] . Differences in urban environmental regulations (e.g., command-and-control environmental and market-based environmental regulations) affect the relocation of domestic and foreign-owned enterprises both inter-and intra-cities in China, potentially resulting in a "Race to the Top" and a "Race to the Bottom". Due to the limitation of data availability, we chose the removal rate of SO 2 as a proxy variable to examine the impact of command-and-control environmental regulation on urban eco-efficiency. The removal rate of SO 2 is the ratio between SO 2 removed and SO 2 generated, where the former refers to the volume of removed SO 2 by waste gas treatment facilities and the latter refers to the volume of generated SO 2 in waste gas resulting from fuel combustion and production processes for a given period of time. Using the entropy method, we can also generate a composition indicator based on the removal rate of SO 2 , the treatment rate of sewage and comprehensive utilization rate of solid wastes for environmental regulation, and the correlation coefficient between the removal rate of SO 2 and the composite indicator, which reaches 0.964 with a significant level of 1%. Thus, the removal rate of SO 2 reflects the command-and-control environmental regulation intensity to some extent. It is expected to have a positive impact on eco-efficiency.
(2) Endowment structure (lnkl). Capital and labor are arguably the most basic factors of production and are important endowment resources. Previous studies point out that the technological progress of capital-intensive enterprises may offset their negative impact on environmental efficiency. Furthermore, low-carbon merger and acquisition industries with higher eco-efficiency are mainly distributed in capital-intensive industries, followed by labor-intensive industries. A higher capital-labor ratio means a higher level of capital-labor substitution, implying a higher level of automation and industrial production. Consequently, promotion of eco-efficiency may result from the increase in economic output. In this paper, the capital labor ratio (logarithmic value) is used as the proxy variable of the endowment structure which is expected to have a positive effect on eco-efficiency.
(3) Industrial structure (s_ind). The adjustment or optimization of industrial structure means that the proportion of primary industry decreases and the proportion of tertiary industry increases. The optimization of the industrial structure is a dynamic process. "Unclean" industrial agglomeration is mainly concentrated in secondary industry, using nonrenewable resources and environmentally unfriendly materials as inputs for production. An increase of the proportion of secondary industry may cause environmental pollution in a region and further affect the eco-efficiency. Therefore, the proportion of the secondary industry cannot be ignored. We employ the shares of secondary industry in GDP (%) to reflect the industrial structure.
(4) FDI (fdi). Foreign capital, represented by FDI, provides both impetus and support to regional development from the outside. It provides not only the capital and technology required for economic construction but also employment. However, FDI may also cause environmental pollution and deteriorate the regional environmental quality [49] especially increase wastewater and sulfur dioxide [50] , which harms urban eco-efficiency. Moreover, FDI in general induces negative environmental externalities [51] . To comprehensively examine the impact of FDI on regional sustainable development, this paper uses the relative scale of FDI (the proportion of industrial output value of foreign-invested enterprises above a designated size as a share of GDP) and predicts that this factor will have a negative effect on eco-efficiency.
(5) Technology capacity (s_tech). Investment in research and development helps improve the technology and innovation capability of a region. However, there is a long lag between the input of funds and the completion of technological innovation projects and their applications. To study the impact of technology capacity on eco-efficiency, this paper adopts the shares of expenditure for science and technology to total fiscal expenditure to measure a city's technology capacity. It is expected to have a significant and positive impact on eco-efficiency.
(6) Fiscal expenditure structure (s_fiscal). Theoretically, government expenditure on environmental protection will pose significant effects on energy conservation and emission reduction that a potential routine to improve eco-efficiency. To study how government fiscal expenditure affects urban eco-efficiency, this paper uses the proportion of local fiscal expenditure to GDP as the proxy variable. Note that fiscal expenditure from local government may exert positive or negative impacts on eco-efficiency.
(7) Advanced industrial structure (adv_ind). In this paper, the ratio of the output value of tertiary industry to the output value of secondary industry is taken as a measure of the degree of industrialization. We assume advanced industrial structure has significant positive association with eco-efficiency.
Finally, the descriptive statistics of variables are summarized in Table 1 . 
Data
Our sample includes 191 prefecture and above-prefecture level cities in China over the period 2003 to 2013, accounting for more than two-thirds of 286 prefecture and above-prefecture level cities. Our sample contains almost all of the representative cities including the provincial capital cities. Gross domestic product (GDP) of selected sample accounted for approximately 83% and 82% of the national GDP in 2003 and 2013, respectively. Therefore, the study sample is rather representative. The data are extracted from many official resources, such as China Environment Yearbook, China Energy Statistical Yearbook, and China City Statistical Yearbook. Table A2 provides the data sources of relevant variables used in this paper.
Results and Discussion
Estimation Results of Eco-Efficiency
We apply the kernel density analysis method to examine the dynamic evolution of China's urban eco-efficiency from 2003 to 2013. The choice of the kernel density analysis method is based on the following two considerations. On the one hand, it can characterize the overall shape of eco-efficiency. On the other, it enables us to examine the dynamic evolution characteristics of eco-efficiency distribution comprehensively by comparing different periods. As can be seen in Figure 1 , the distribution of eco-efficiency has the following characteristics. First, the center point of the eco-efficiency kernel density in 2003 to 2013 is obviously shifted to the left, which means that the eco-efficiency decreased gradually. Second, during our study periods, the peak value of the kernel density function increases continuously, and the main distribution range of eco-efficiency shrinks, which shows that the eco-efficiency distribution in China was increasingly concentrated from 2003 to 2013. Third, longer tailings of kernel density indicate that the differences in eco-efficiency in China are gradually widening. Meanwhile, some cities have higher eco-efficiency (e.g., Beijing and Shanghai) while others are lower eco-efficiency (e.g., Hefei and Changsha). Fourth, an in-depth observation of the peaks of kernel density functions from 2003 to 2013 shows that regional differences in eco-efficiency in China gradually evolved into multilevel differentiation characteristics.
to 2013. Third, longer tailings of kernel density indicate that the differences in eco-efficiency in China are gradually widening. Meanwhile, some cities have higher eco-efficiency (e.g., Beijing and Shanghai) while others are lower eco-efficiency (e.g., Hefei and Changsha). Fourth, an in-depth observation of the peaks of kernel density functions from 2003 to 2013 shows that regional differences in eco-efficiency in China gradually evolved into multilevel differentiation characteristics. It is clear that the urban eco-efficiency has spatial difference characteristics, which are generally low in the central and western regions while high in the eastern region. Potential explanations for this may be the lagging level of economic development and most heavy industry concentration in the central and western regions, which has not been able to achieve green development for a long time. 
Nonlinear Effects of Agglomeration Externalities on Eco-Efficiency
MAR Externalities
Based on model (1) and model (2), we examine the nonlinear effect of MAR externality on urban eco-efficiency. The results are shown in Table 2 ; control variables are added into the model one by one. As we can see from Table 2 , there is a significant inverted U-shaped relationship between MAR externality and eco-efficiency, with a turning point of 1.9293 while all the control variables are considered. When MAR externality crosses 1.9293, the positive effects of MAR externality will decrease; one potential explanation is that congestion effects occur. The average marginal effect of MAR externality on eco-efficiency is 0.1025, which shows that the enhancement of dynamic agglomeration of MAR externality will help to promote urban eco-efficiency in the long run. Nevertheless, over-agglomeration will decrease the promotion of urban eco-efficiency. Figure 3 illustrates the average marginal effect of dynamic MAR externality on urban eco-efficiency, showing that the same inverted U-shaped relationship between agglomeration externality and eco-efficiency also supported.
Moreover, all the spatial model estimation results (see Table 3 ) also show that significant inverted U-shaped relationship between MAR externality and eco-efficiency, and the turning points are ranged from 1.78 to 1.98 with different model specifications.
considered Figure 3 illustrates the average marginal effect of dynamic MAR externality on urban eco-efficiency, showing that the same inverted U-shaped relationship between agglomeration externality and eco-efficiency also supported. Moreover, all the spatial model estimation results (see Table 3 ) also show that significant inverted U-shaped relationship between MAR externality and eco-efficiency, and the turning points are ranged from 1.78 to 1.98 with different model specifications. Notes: (1) z-statistics in parentheses; (2) *** p < 0.01, ** p < 0.05, * p < 0.1.
Jacobs Externalities
Based on model (1) and model (2), we continue to investigate the nonlinear effect of Jacobs externality on urban eco-efficiency. The results are shown in Table 4 . Estimates of all models show that Jacobs externality also has a significant inverted U-shaped relationship with the urban eco-efficiency, and the turning point is 2.2952 when all control variables are considered at the same time. The average marginal effect of Jacobs externality on eco-efficiency is 0.2317, which indicates that the enhancement of dynamic externality of Jacobs agglomeration also contributes to the improvement of urban eco-efficiency. Similarly, Figure 4 illustrates the average marginal effect of dynamic Jacobs externality on urban eco-efficiency. It also shows an inverted U-shaped form that rises first and falls later. Estimation results of spatial econometrics models (see Table 5 ) also show that there is a significant inverted U-shaped relationship between the Jacobs externality and urban eco-efficiency, and the turning points are approximately 2.3 even with different model specifications.
that Jacobs externality also has a significant inverted U-shaped relationship with the urban ecoefficiency, and the turning point is 2.2952 when all control variables are considered at the same time. The average marginal effect of Jacobs externality on eco-efficiency is 0.2317, which indicates that the enhancement of dynamic externality of Jacobs agglomeration also contributes to the improvement of urban eco-efficiency. Similarly, Figure 4 illustrates the average marginal effect of dynamic Jacobs externality on urban eco-efficiency. It also shows an inverted U-shaped form that rises first and falls later. Estimation results of spatial econometrics models (see Table 5 ) also show that there is a significant inverted U-shaped relationship between the Jacobs externality and urban eco-efficiency, and the turning points are approximately 2.3 even with different model specifications. Notes: (1) z-statistics in parentheses; (2) *** p < 0.01, ** p < 0.05, * p < 0.1.
Porter Externalities
Based on model (1) and model (2), we continue to explore the nonlinear effects of Porter externality on urban eco-efficiency. The results are listed in Table 6 , which show that the Porter externality also exerts significant U-shaped effects on urban eco-efficiency, with a turning point of 0.9539. However, the average marginal effect of the Porter externality on eco-efficiency is −0.0511, which indicates that the weakening of dynamic Porter externality will contribute to the improvement of urban eco-efficiency. Figure 5 depicts the average marginal effect of dynamic Porter externality on urban eco-efficiency, which also has an inverted U-shaped form. Regarding to the spatial model estimation results (see Table 7 ), the influence of Porter externality on urban eco-efficiency has significant inverted U-shaped relationship, and the turning points range from 0.87 to 0.94.
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externality also exerts significant U-shaped effects on urban eco-efficiency, with a turning point of 0.9539. However, the average marginal effect of the Porter externality on eco-efficiency is −0.0511, which indicates that the weakening of dynamic Porter externality will contribute to the improvement of urban eco-efficiency. Figure 5 depicts the average marginal effect of dynamic Porter externality on urban eco-efficiency, which also has an inverted U-shaped form. Regarding to the spatial model estimation results (see Table 7 ), the influence of Porter externality on urban eco-efficiency has significant inverted U-shaped relationship, and the turning points range from 0.87 to 0.94. Notes: (1) z-statistics in parentheses; (2) *** p < 0.01, ** p < 0.05, * p < 0.1.
Robustness Checks
We conduct various robustness checks in this paper. First, we re-estimate the eco-efficiency using the EBM (Epsilon-Based Measure) [52] model that considers nonconvex metafrontier and super-efficiency simultaneously. The regression results show that there is no significant change and the abovementioned conclusions still hold (see Table 8 ). Second, we consider the dynamic effects and the possible inverse causality relationship between externalities and eco-efficiency, and re-regress the models by adding the lagged term of eco-efficiency, the lagged term of externalities, and the front terms of externalities into the baseline models. As shown in Table 9 , the inverted U-shaped relationship between externalities and eco-efficiency is also supported; the conclusions mentioned before are robust.
Finally, we employ the algorithm proposed by the authors of a previous paper [53] and confirm that the abovementioned conclusions are robust, estimation results are shown in Table 10 . Hence, empirical findings show the effects of agglomerative dynamic externalities on urban eco-efficiency have a significant inverted U-shape. All of the robustness checks indicate that the dynamic external externalities strongly and positively impact urban eco-efficiency until they reach some thresholds. After that, the impact begins to decrease. Notes: (1) z-statistics in parentheses; (2) *** p < 0.01, ** p < 0.05, * p < 0.1; and (3) the z-statistics and p-value have generated from bootstrap method using 2000 replications.
Conclusions
Eco-efficiency improvement essentially requires the synergistic development of resources, the environment, and the economy. Due to its comprehensive nature of eco-efficiency, numerous factors may impact eco-efficiency and it is impossible to include all of them. Thus, it is important to identify the key influence factors of eco-efficiency. To this end, in this paper, we study the impacts of agglomeration externalities on eco-efficiency. Overall, we find that appropriate agglomeration is beneficial to promote eco-efficiency. However, excessive agglomeration may negatively impact eco-efficiency because of the congestion effects. Specifically, in this paper, we extend the convex metafrontier methodology extended to a nonconvex one, and measure the eco-efficiency of 191 prefecture-level cities in China. We further investigate the nonlinear effects of agglomeration externalities on eco-efficiency using both nonspatial and spatial econometric methods. Furthermore, we also conduct various tests and show the robustness of our results. Our main findings are summarized as follows.
First, our results from the kernel density estimation show that urban eco-efficiency gradually decreased from 2003 to 2013. Furthermore, the distribution of urban eco-efficiency in China became increasingly concentrated from 2003 to 2013. In addition, when observing the peaks of the kernel density estimations, we found that the regional differences of urban eco-efficiency gradually evolve into multilevel differentiation characteristics from the earlier two-level differentiation. One potential explanation is that the increasing level of agglomeration has led to the emergence of several eco-efficiency growth poles, along with multilevel differentiation characteristics of eco-efficiency. Therefore, a policy implication is that narrowing the gap in eco-efficiency between cities with lower eco-efficiency and those with higher eco-efficiency will be conducive to the overall improvement of urban eco-efficiency.
Second, the temporal and spatial evolution of urban eco-efficiency shows that eco-efficiency has a spatial distribution pattern. The eco-efficiency of cities in China's eastern regions is the highest, followed by the central-western regions where the eco-efficiency may possess the path-dependence and locked-in characteristics. Therefore, it is necessary to further pursue sustainable development and improve the eco-efficiency of cities in China's central-western regions.
Third, both MAR externality, Jacobs externality, and Porter externality lead to a significant inverted U-shaped relationship with urban eco-efficiency; this empirical finding is robust to different measures of efficiency and model specifications. Empirical results also show that the endowment structure has a negative effect on urban eco-efficiency. On the other hand, the strengthening of environmental regulation, technology capacity, and industrialization contribute to the improvement of urban eco-efficiency. Consequently, the agglomeration externalities exert significant nonlinear effects on eco-efficiency. Specifically, agglomeration externalities have a significant and positive relationship with eco-efficiency before an agglomeration threshold. After that, their relationship becomes significant but negative. In terms of policy implication, it indicates that policy-makers need to control the degree of agglomeration to avoid the congestion effect due to excessive industrial agglomeration. To better promote urban eco-efficiency, policy-makers need to optimize the endowment structure, for example, by the efficient use and rational allocation of natural resources. For instance, Yichun city, located in Heilongjiang province and listed as a resource-based city, is not sustainable if it relies too greatly on the industrial structure of forestry natural resources. Moreover, if the exploitation of forestry resources is exhausted, it is not conducive to the sustainable development of the social economy. Given this, efforts should be made to strengthen environmental regulation, increase investment on science and technology, and facilitate industrial restructuring to effectively and efficiently promote urban eco-efficiency.
There are several future research directions. First, the time span can be increased to cover a longer period of time, and more information and data can be used to further analyze urban eco-efficiency, such as convergence analysis from both nonspatial and spatial perspectives. Second, the proposed DEA model in this paper can be extended to measure and compare productivity changes for cities in different countries under the framework of the Malmquist-Luenberger productivity indicator. With the same metafrontier, these indicators are comparable and can provide insightful information. Third, it is important to further investigate the contribution of technological development to the eco-efficiency. With Malmquist-Luenberger productivity indicator defined, we can decompose it into efficiency change (EC), technological change (TC), and technological ratio gap change (TGRC) and calculate the shares of EC, TC, and TGRC in eco-efficiency growth, along with identifying the main sources of eco-efficiency growth. 
